Introduction
Biomass burning creates a large variety of impacts on a local, regional, and global scale. Even though fire has been recognized as a natural process in various ecosystems, it has also been associated with negative effects on soil, water, vegetation, and the atmosphere. At a local scale, it has been found that fire impacts soil erosion (Shakesby et al., 2007) and alters vegetation succession (Clemente et al., 2006) . At a regional scale there is a need for nations to meet the Kyoto protocol, to achieve sustainability of forest ecosystems, and to reduce large biomass burning emissions. Finally, at a global scale there is a growing concern regarding biomass burning in relation to global warming, greenhouse gas (GHG) emissions and changes in the properties and composition of the atmosphere (Chuvieco, 2008) . Seiler and Crutzen (1980) proposed a bottom-up method to estimate biomass emissions based on the variables involved in the process: Areas burned (vegetation affected by fire), biomass load (carbon available for combustion), burning efficiency (fraction of biomass consumed by the fire), and emission factors (amount of each substance emitted per unit of carbon burned). There are different levels of uncertainty in each of these variables, which in turn result in emissions uncertainties.
Tropical forests are large carbon pools at regional and global levels. However, today these forests are undergoing deforestation at unprecedented rates (Achard et al., 2002) , releasing carbon dioxide and contributing to the global greenhouse effect (Fearnside, 2000a) . Fire is commonly used in the tropics as a tool for deforestation and forest degradation, associated with agricultural activities and cattle Accuracy Assessment of Burned Area Products in the Orinoco Basin Jesús A. Anaya and Emilio Chuvieco grazing (Fearnside, 2000b) . Biomass burning is induced during the dry season, and its negative effects are worsened with natural phenomena like the El Niño Southern Oscillation (ENSO) (Levine et al., 1999) . A detailed description of biomass burning in the tropics and specific emission factors for these regions can be found in Levine (2000) . Remote sensing techniques are used to monitor active fires and estimate the extent of burned areas (Chuvieco, 2008) . Active fires are detected by the thermal contrast between burning pixels and surrounding areas, while burned areas are commonly discriminated from the strong reflectance change between pre-and post-fire images. This signal is less evident than the thermal contrast of active burning, but it last longer. In any case, the actual magnitude of post-fire reflectance depends on fire characteristics and ecosystem resilience after fire. Therefore, considerable uncertainties remain in the mapping of burned areas, particularly in the tropics where burnings are done usually in small patches (Ͻ1 km 2 ) (Schultz et al., 2008) . Developing international networks to validate burned areas estimations is required to increase quality and economize validations (Roy and Boschetti, 2009b) . This paper focuses on the validation of burned area estimation, known as burned area (BA) products, in the tropical savannas of the Orinoco Basin.
Several projects have been carried out to map burned areas at global scale. In the year 2000, two global BA products were developed. They were known as GBA2000 -Global Burnt Areas- (Tansey et al., 2004) and GlobScar (Simon et al., 2004) . The former was based on SPOT VEGETATION (VGT) images and the latter on ERS Along Track Scanning Radiometer (ATSR) instrument data. The goal of these two products was to create homogeneous information at a global scale with a standard methodology . From the experience of GBA2000, a longer time series was generated based on SPOT-VEGETATION images as well. The final product was named L3JRC. Similarly, following the experience of Globscar, the European Space Agency (ESA) developed the GlobCarbon project, which combines SPOT VGT and ATSR images. More recently, a BA product based on the Moderate Resolution Imaging Spectroradiometer (MODIS) data have been made available (named MCD45).
Burned area products include uncertainties and errors due to several factors. First, the spatial resolution of the input sensor prevents discriminating small burn patches (especially in fragmented landscapes) (Smith et al., 2003; Silva et al., 2005a) . Second, an important source of error is the spectral overlapping between BA and non-vegetated covers (dark soils, shadows, water bodies), which makes more difficult the singular characterization of burned patches. Atmospheric influences, such as clouds or smoke plumes, preset challenges to burned land discrimination as well, particularly in cloudy tropical regions. Finally, the burned signal is not unique, but rather is affected by several factors that introduce wide reflectance variation, such as the type of burned coverage, combustion completeness, fraction of material exposed to the fire, and post fire physical evolution of the surface (Ward et al., 1996; Miller and Yool, 2002; .
The objective of this study was to assess the quality of three available global BA products in the savanna ecosystem of the Orinoco Basin by comparing them to the BA interpretation of high resolution satellite images. The most relevant accuracy components are the omission of burned areas and the assignment of burned areas to areas that are not burned. Another component of concern is the poor spatial resolution (mixed pixels) associated to global products.
Methods
The study area is located in the northern savannas of South America along the tributaries of the Orinoco River ( Figure 1 ) with an area of approximately one million square kilometers. The area is highly prone to fires due to pasture burning and forest clearing. In fact, Colombia and Venezuela have been found to be among the most affected countries in Latin America by biomass burning . Increasing deforestation in the Amazon rainforest due to the growing need of lands for cropping and grazing has created a broad mosaic of burned areas. Temporal priority was given to the dry season months of January, February, and March.
The confusion matrix method has been commonly used since the 1980 to validate thematic maps (Congalton, 2001) including BA products (Roy et al., 2005a; Boschetti et al., 2006b; Boschetti et al., 2009; Roy and Boschetti, 2009a) . The confusion matrix is used to calculate the accuracy of thematic maps by comparing classified maps with reference information. Reference information is usually located in the columns of the matrix, and the thematic map is located in the rows. Diagonal values indicate correctly classified data, while the rest of the cells indicate either omission or commission errors.
Burned Area Products Included in the Assessment Three BA products were validated (Table 1): 1. L3JRC is based on the VEGETATION instrument onboard the and -5 satellite (Tansey et al., 2007) with a 1 km spatial resolution and daily global acquisition. The BA detection algorithm was developed by the International Forest Institute (IFI) and uses a temporal index based on the near infrared (NIR) band. This database is provided on an annual basis, assuming that an area may burn only once in a fire year. 2. GlobCarbon is the continuation of the GlobScar project that started in 2001, with data from the ATSR on board ERS-1, ERS-2, and more recently on the Envisat European satellites (Simon et al., 2004) . The input images have 1 km spatial resolution and are acquired globally every other day. The basic BA algorithms were developed by IFI and by the Technical University of Lisbon (UTL). Therefore, GlobCarbon includes more detection algorithms than L3JRC and data from both SPOT VEGETATION and ATSR. The database is provided on a monthly basis and includes the date of detection and the algorithm used to detect BA. 3. MCD45 is the official MODIS BA product (Silva et al., 2005b) .
This product has a 500 m spatial resolution and detects burned-areas based on a predicted reflectance. The algorithm evaluates whether the predicted reflectance (based on the bidirectional reflectance distribution function) and observed reflectance indicate significant change. Each burned pixel provides an eight-day temporal precision due to missing observations. Despite all these products (Table 1) depicting fire occurrence every day of the year, data is provided to users as monthly or as annual files.
Reference Data
The validation process requires comparing an assessed product with an independent dataset, which is assumed to be ground truth. Since it is very difficult to obtain such accurate reference information by field work, a common proxy to generate reference data is the interpretation of high 54 J a n u a r y 2 0 1 2 PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING resolution satellite images. On one hand, it is almost impossible to cover the geographic extent of a regional or global product with field work. On the other hand, the postfire signals last shortly, and ground information has to be restricted to few plots. Therefore, higher resolution images acquired at the same time as the coarse resolution that are to be evaluated is the only operational means to generate reference fire perimeters (Boschetti et al., 2006a) . Landsat images have been successfully used in previous studies as a proxy for field work because they have an adequate spatial, temporal and spectral level of detail to identify and delimit burned patches (Roy et al., 2005b; Boschetti et al., 2006a; Chuvieco et al., 2008) . The only available protocol for this type of validation uses this approach . Five pairs of Landsat ETMϩ (www.landcover.org) images were visually interpreted based on a multitemporal visual comparison protocol . BA polygons were interpreted using pairs within a time range of maximum three months (first and second acquisition) and with the same location or World Reference System (WRS) ( Table 2) , interpretation requires to overlay each pair of images in order to identify and polygon digitize a burned patch in the second acquisition date that did not exist in the first acquisition date. This allows determining the time frame of fire occurrence required to validate BA products. Reference images were selected based on low cloud cover content and evidence of BA. Selecting reference images through a statistical design would have been impossible following these constraints, since the area is highly cloudy. The geographic extension of the selected scenes corresponds to 16.5 percent of the study area, which includes savanna, primary forest, and secondary forest.
Processing and Validation of Global BA Products
The BA products were reprojected to UTM19-WGS84 in order to use the same projection as the reference data. No evidence of location errors were found when overlaying reference polygons on BA products. Only those pixels burned between the first and second Landsat acquisition dates were taken into account for the validation. Common areas between the reference and the global BA product were extracted and resampled to 30 m ϫ 30 m pixel size. Consequently, the same areas and pixel sizes were considered in both reference and global product. A confusion matrix was calculated for each Landsat scene and all the pixels were used to calculate global accuracy and Kappa coefficient. Global and Kappa statistics are commonly reported with the confusion matrix, global accuracy is the sum of the diagonal values divided by the total number of pixels. Kappa evaluates the level of agreement that can be expected due to chance alone (Hudson and Ramn, 1987; Congalton and Green, 1999) . A value of 1 implies a perfect agreement and 0.5 a fair agreement. If negative, the estimation result is worse than that expected by chance.
(1)
( 2) where, n is total number of validation pixels, n ii is the diagonal agreements, n ij is the number of pixels classified into category i (i = burned, non-burned) in the map and category j (j = burned, non-burned) in the reference data, n iϩ is the sum of n ij in the BA product (rows), and n ϩj is the sum of n ij in the reference BA (columns)
Omission errors (OE) were calculated as the ratio of false negatives to the total number of pixels in the reference BA. Commission errors (CE) were calculated as the ratio of the false positives to the total number of pixels in the ba global product.
Additionally, the Pareto Boundary (PB) described by Boschetti et al. (2004b) was calculated in order to determine the effect of various pixel sizes (500 m for MCD45 and 1 km for L3JRC and GlobCarbon) on map accuracy. The PB was defined as a set of points that belong to the boundary and drawn in a two dimension (OE/CE) coordinate system. To calculate each point, a low resolution grid with a cell size of 500 m or 1 km had to be overlaid on the high resolution image (reference), so that the proportion of BA of each cell overlaying this image could be computed (Figure 2 ). If only those cells which are 100 percent burned on the low resolution map are considered as burned, the commission error is zero but the omission error is extremely high. If on the other hand, a cell is considered as burned with any percentage of BA, the omission error (OE) is zero, but the commission error (CE) is extremely high. Intermediate points were calculated at different percentages of BA on the low resolution map in order to get more (OE/CE) coordinates. In other words, the set of coordinates (OE/CE) belonging to the PB was created by changing the percentage threshold (t) in which a cell would be considered as burned. Five thresholds (90 to 100 percent, 75 to 100 percent, 50 to 100 percent, 25 to 100 percent, 0 to 100 percent) were used for each pair of reference image and low resolution maps to describe the PB. The PB evaluates the effect of low resolution products on BA boundaries and small burned fragments. This curve defines the trade-off between omission and commission errors when a partially burned pixel is classified as a burned or unburned pixel. For this reason, this method does not consider commission errors due to dark surfaces (e.g., shadow or dark soils) or under detection due to low reflectance differences before and after the fire.
In addition to the PB, which mainly describes the best possible combination of OE and CE due to the effect of pixel size, a landscape metric known as edge density (ED) was calculated to describe the effect of fragmentation. This metric is based on the area and perimeter of burned-are (Fassnacht et al., 2006; Miettinen, 2007) , and it is a measure of the complexity and shape of the polygons. ED was calculated as:
( 3) where, ED (m/ha) is the Edge Density, P (m) is the Perimeter for each m BA patch, and A (ha) is the Surface area for each m BA patch.
Large values of Edge Density indicate complex shapes and long borders, while low values indicate simple and compact shapes (Silva et al., 2005a) . This metric was calculated for each reference scene to evaluate the effect of fragmentation on the PB. Seven additional Landsat images ED ϭ a (P m )/ a (A m ) (single date) were processed in order to increase the sample size and adjust a linear regression of ED against MD.
Results
The results of the 15 confusion matrices calculated from the reference images and each of the products evaluated are shown in Table 3 . In general, global accuracy is close to 56 J a n u a r y 2 0 1 2 PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING category agreements, and therefore, not a good measurement to assess the accuracy of BA, but when considering the Kappa coefficient, the agreement decreases. Omission errors for BA tend to be higher than commission errors, with omitted values larger than 50 percent of burned category, which leads to an underestimation of total BA. When comparing the three global products the best accuracy measurements were found for MCD45. This product has the lowest commission and omission errors and the highest global accuracy and Kappa coefficients ( Table 3 ). The results from GlobCarbon and L3JRC, both with 1 km spatial resolution, were similar. Only omission errors and Kappa measurements are statistically different (t-test), where GlobCarbon has a lower omission error (P-value: 0.002) and a higher Kappa value (P-value: 0.01).
Although there is a tendency towards larger omission errors (Figure 3 ) there is also a large dispersion of OE/CE values. Dispersion is reduced drastically when OE/CE values are considered by Landsat scenes, i.e., algorithms behave similarly within scenes but are highly variable among scenes.
In order to find the reliability of the BA product algorithms and to assess the effect of pixel size, the PB method was applied. The area under the PB curve is defined by Boschetti (2004) as the unreachable region, there is no combination of OE/CE values for a given pixel size that could result in values under this curve. Thus, the OE/CE values from the confusion matrix are above the PB and their distances represent the potential of the BA algorithm to be improved. The PB was calculated for the reference images and each combination of reference images with a low resolution grid results in a different boundary. It was found that the area under the PB is always lower for a 500 m pixel than for a 1 km pixel. However, the distance from the OE/CE points to the PB curve, calculated with the same resolution grid, varies. The closest distance between OE/CE values and its corresponding PB was measured in order to compare the three global products. OE/CE values far from the PB indicate poor performance, in contrast, the pairs of OE/CE values closer to its PB, indicate better quality of the algorithm. The mean distance value for the five Landsat scenes was 0.25 for MCD45, 0.28 for GlobCarbon, and 0.35 for L3JRC. These values indicate the inaccuracy due to the algorithms disregarding pixel size (Figure 4 ).
Since the PB is sensitive to the size of the pixels, it should also be affected by the landscape distribution of the BA fragments. ED was calculated per scene using area and perimeter of BA fragments in an unburned matrix; note that global BA products are not included in this process. Twelve PB curves, one for each landscape were calculated with a grid of 1 km. Figure 5 relates PB to their respective edge density (ED) metrics. An increase in the ED metric corresponds to larger areas under the PB, i.e., larger inaccuracies. The minimum distance from the origin to the PB (MD) was used as an index of BA global product inaccuracy due to pixel size. When relating this index to ED a strong linear relationship was found (R 2 = 0.89) as shown in Equation 4:
where, MD is the minimum distance from origin to PB, and ED (m/ha) is the Edge Density
Discussion and Conclusions
A major challenge when validating BA products is to achieve the largest possible temporal coherence between the date of the high-resolution reference images and the product to be validated. This is only possible if both data sources (Landsat and global products) show the day of detection for each burned pixel. For this reason it was necessary to obtain two Landsat images of the same fire season as close in time as possible. Since MODIS BA provided eight-day precision due to the occurrence of missing information, burned areas detected by the algorithm after the second Landsat acquisition were quantified as omissions.
As discussed above, validation was made depending on the BA product and the reference image availability. It was found that L3JRC and GlobCarbon presented similar commission errors (49 percent and 53 percent, respectively), but omission errors were lower in GlobCarbon (62 percent) than in L3JRC (79 percent). MCD45 had the lowest omission and commission errors, 56 percent and 36 percent, respectively. These results indicate that the best BA product is MCD45. No false detections were found with dark soils or cloud shadow. A visual inspection of the commission errors in the high resolution images showed that most of these errors are associated with mixed pixels (i.e., pixels along the boundaries of burned-areas) or adjacent burned fragments that are merged into one larger fragment.
In the study area it was found that omission errors were larger than commission errors for all the evaluated products. This is similar to what has been observed by other authors in the savannas of northern South America (Romero-Ruiz et al., 2010) and Africa (Barbosa et al., 1999; Silva et al., 2005b; Roy and Boschetti, 2009b) . In terms of estimation GHG derived from biomass burning, our results show a tendency to underestimate GHG emissions using these global products. The under detection of burned-areas is most significant when fire affects forested areas, particularly in small patches. This may greatly impact GHG estimations, since these small fires are occurring at a vegetation class with large biomass values Ͼ300 Mg ha Ϫ1 (Anaya et al., 2009) .
The PB has been shown to be sensitive to both pixel size and the BA distribution in the landscape. The Edge Density landscape metric is easy to calculate, and its simplicity allows for a straightforward interpretation. Here, it was shown that increases in pixel size as well as in fragmentation of burned-areas result in larger omission and commission errors. In contrast, the distance between the OE/CE values with their respective PB is quite similar among global BA products. This shows that the size of the pixel of the BA product is more important than differences between MD ϭ 0.0045 ED ϩ 0.1718 PHOTOGRAMMETRIC ENGINEERING & REMOTE SENSING J a n u a r y 2 0 1 2 57 Figure 3 . Pairs of Omission and Commission errors calculated using a confusion matrix; the same symbol is used for the three global products in each Landsat scene.
algorithms, for this reason new BA products should be based on higher spatial resolution images. When estimating burned-areas or (GHG) carbon emissions, and Roy (2005b) concluded that different satellite information should be considered. In this sense, and as an alternative to minimize omission errors in forests, several authors (Boschetti et al., 2004a; Giglio et al., 2009) have found that active fire information may very useful for burned land mapping. In terms of area estimation of actual burnings, commission errors can partially compensate those from omissions, but the precise mapping of BA is very critical to improve GHG emissions since the pre-fire biomass loads plays a critical role in the amount of gas released as a result of fire (Ward et al., 1996) . 
